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REST: Holistic Learning for End-to-End Semantic
Segmentation of Whole-Scene Remote
Sensing Imagery

Wei Chen, Lorenzo Bruzzone
Liangqi Yuan

Abstract—Semantic segmentation of remote sensing imagery
(RSI) is a fundamental task that aims at assigning a category
label to each pixel. To pursue precise segmentation with one or
more fine-grained categories, semantic segmentation often requires
holistic segmentation of whole-scene RSI (WRI), which is normally
characterized by a large size. However, conventional deep learning
methods struggle to handle holistic segmentation of WRI due to
the memory limitations of the graphics processing unit (GPU),
thus requiring to adopt suboptimal strategies such as cropping or
fusion, which result in performance degradation. Here, we intro-
duce the Robust End-to-end semantic Segmentation architecture
for whole-scene remoTe sensing imagery (REST). REST is the first
intrinsically endtoend framework for truly holistic segmentation
of WRI, supporting a wide range of encoders and decoders in a
plugandplay fashion. It enables seamless integration with main-
stream semantic segmentation methods, and even more advanced
foundation models. Specifically, we propose a novel spatial parallel
interaction mechanism (SPIM) within REST to overcome GPU
memory constraints and achieve global context awareness. Unlike
traditional parallel methods, SPIM enables REST to process a
WRI effectively and efficiently by combining parallel computation
with a divideandconquer strategy. Both theoretical analysis and
experiments demonstrate that REST attains nearlinear through-
put scalability as additional GPUs are employed. Extensive ex-
periments demonstrate that REST consistently outperforms exist-
ing cropping-based and fusion-based methods across a variety of
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scenarios, ranging from single-class to multi-class segmentation,
from multispectral to hyperspectral imagery, and from satellite to
drone platforms. The robustness and versatility of REST are ex-
pected to offer a promising solution for the holistic segmentation of
WRI, with the potential for further extension to large-size medical
imagery segmentation.

Index Terms—Holistic segmentation, whole-scene remote
sensing imagery, spatial parallelism, semantic segmentation, deep
learning.

1. INTRODUCTION

EMOTE sensing plays a crucial role in studying and
Runderstanding the causes and effects of global environ-
mental changes [1], [2], [3] while also in promoting sustainable
development [4], [5]. Many application tasks heavily rely on
the capability to perform automatic semantic segmentation of
remote sensing imagery (RSI) [6], [7], [8]. So far, although
deep learning-based semantic segmentation of RSI has made
much progress in recent years [9], [10], [11], it is often limited
to handling small-size image tiles due to graphics processing
unit (GPU) memory limitations [12]. In particular, the recently
developed remote sensing foundation models (RSFMs) [13],
[14], [15], while demonstrating superior capabilities compared
to traditional deep learning-based methods [16], [17], [18],
are usually constrained to processing small image tiles due
to their large number of parameters. Significantly, the limited
information available within small-size image tiles poses a major
challenge for the semantic segmentation of RSI [19].

As demonstrated in Fig. 1, when only a relatively small-size
image tile (i.e., the red box) is provided, the limited receptive
field in the figure makes it difficult to determine the specific
category, particularly when the tile consists of many homoge-
neous pixels. This difficulty is further amplified when attempting
to distinguish between fine-grained semantic categories that
exhibit visual similarity in a small-size image tile, such as river
and lake. In contrast, given a large-size image tile (i.e., the yellow
box) or even the whole-scene RSI (WRI), we can holistically
leverage more comprehensive contextual information, such as
the structural patterns of geographical elements and the relation-
ships between geographical elements, to facilitate meaningful
segmentation. This enhanced contextual understanding naturally
reveals the necessity of holistic segmentation of WRI (HSW),
which is a promising research direction. Nevertheless, the GPU
memory consumption grows near-linearly with image size,
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Fig. 1. The necessity of holistic segmentation. When relying solely on small-
size tiles (red boxes), effectively segmenting geographical elements of interest
is challenging in both single-class and multi-class semantic segmentation, due
to intra-class variation and inter-class confusion. By expanding the field of view
to larger tiles (yellow boxes) or even the WRIs, however, models can holisti-
cally leverage contextual information to achieve more precise and meaningful
segmentation.

limiting the capability of common deep learning-based methods
to achieve HSW.

In literature, several pioneering works have recognized the im-
portance of HSW and proposed preliminary methods to address
this challenge. For example, some methods leverage global con-
textual information by exploiting and fusing global-local com-
plementary information from downsampled WRI and cropped
image tiles [20], [21], [22]. However, the indirect downsampling
and fusing results in suboptimal performance without efficiency
improvement. Additionally, although similar problems have
been investigated in related fields, such as whole-slide image
(WSI) recognition in medical image analysis [23], [24], [25]
and long-context extension in large language models [26], [27],
[28], it is non-trivial to adapt these methods to HSW due to
the significant task differences. Overall, existing deep learning
methods fail to enable end-to-end HSW.

In this paper, we present the Robust End-to-end semantic
Segmentation architecture for whole-scene remoTe sensing im-
agery (REST) to directly achieve HSW. In contrast to exist-
ing methods [20], [21], [22], which focus on either cropping
or the fusion of global and local context, our REST aims to
address deep learning-based HSW through an intrinsic end-
to-end solution. To tackle the critical memory limitations of
individual GPUs, REST distributes the computational load of
WRI across multiple GPUs. Based on this, a spatial parallel
interaction mechanism (SPIM) is designed to facilitate informa-
tion exchange among multiple GPUs, ensuring comprehensive
exploration and utilization of global context. The computation in
REST is performed in parallel without significantly compromis-
ing efficiency, and REST demonstrates scalable throughput (i.e.,
processable image size) with an increasing number of GPUs,
thereby effectively enabling HSW. Furthermore, REST naturally
supports advanced semantic segmentation methods with various
encoders and decoder in a plug-and-play fashion, such as the
emerging RSFMs [13], [14], [15].

Specifically, REST starts by dividing the WRI into multiple
spatial regions, each processed by a single encoder on separate
GPUs, as illustrated in Fig. 2(a) and (b). Initially, those separate
encoders operate independently, extracting local spatial features
corresponding to their assigned regions. These features are then
aggregated and enhanced via SPIM, where all-to-all commu-
nication facilitates information exchange across encoders from
separate GPUs along both spatial and channel dimensions. Each
GPU shares the entire features of its corresponding local re-
gion with others and receives partial-channel features from all
remaining local features on other GPUs, covering the entire
spatial region of the WRI. This exchange enables comprehen-
sive feature interaction across GPUs. After that, local features
are concatenated and fused using multi-head self-attention to
capture global context. The globally enriched features are re-
distributed back to their respective GPUs based on the original
spatial regions via another round of all-to-all communication.
As aresult, each GPU retains its local features while integrating
global contextual information, enhancing the overall represen-
tation of the WRI. The enhanced features are then passed to
the decoders on separate GPUs to perform final predictions.
Due to SPIM’s ability to extract and leverage global context,
spatial integrity is maintained among these separate predictions,
ensuring deep learning-based HSW. It should be emphasized that
REST can be regarded as a novel feature-level distributed par-
allel training method. While existing parallelization approaches
(e.g., data parallelism, model parallelism, pipeline parallelism,
tensor parallelism, and sequence parallelism) fail to support deep
learning-based HSW, REST enables HSW with lossless global
interaction across the spatial dimension.

To verify the effectiveness of our proposed REST architecture,
we conduct experiments across diverse semantic segmentation
tasks, as shown in Fig. 2(c). Experiments demonstrate that REST
substantially outperforms state-of-the-art (SOTA) methods for
HSW. In summary, our key contributions are three-fold:

e REST, a fundamentally new end-to-end framework for
holistic whole-scene remote sensing segmentation, is pre-
sented. REST processes entire scenes in a single pass
without cropping or stitching, integrates seamlessly with
diverse encoder—decoder backbones in a plug-and-play
fashion. Furthermore, REST can leverage the powerful
representations of RSFMs for further gains.

® We propose SPIM, an innovative spatial parallel interaction
mechanism that dynamically partitions whole-scene fea-
ture maps across multiple GPUs and aggregate global con-
text information effectively. SPIM overcomes single-GPU
memory limitations and delivers near-linear throughput
scalability as additional GPUs are added.

e Extensive experiments on four WRI benchmarks, a
medium-size RSI dataset, and three medical imagery seg-
mentation tasks demonstrate that REST consistently out-
performs state-of-the-art methods across a wide range of
scenarios. Notably, REST achieves strong performance on
large-size medical imagery, highlighting its scalability and
generalization across domains.

The remainder of this paper is organized as follows: Section II

reviews the work related to this paper. Section III details the
proposed REST framework. Section IV presents and analyses
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Fig. 2.

Overview of the Robust End-to-end semantic Segmentation architecture for whole-scene remoTe sensing imagery (REST). (a) REST is built on an

encoder, a decoder, and a novel SPIM module bridging them to capture and exploit global contextual information. Note that REST can support various encoders and
decoders. (b) The input WRI is first divided based on the number of available GPUs, with each region distributed to its corresponding GPU for feature encoding.
Within our SPIM, the encoded features undergo all-to-all communication and multi-head attention calculations, interacting with features from other GPUs to extract
global context. These globally enriched features are then redistributed back to their respective GPUs through an inverse communication operation for decoding.
Finally, the processed features are combined to yield a holistic prediction of the WRI. Despite performing feature encoding and decoding operations independently
on each GPU, REST effectively mines the global spatial context of the entire scene within SPIM. (c) REST can accommodate different data types and handle

diverse semantic segmentation tasks, underscoring its versatility.

experimental results. Section V discusses REST’s advantages
and characteristics. Section VI concludes the paper with future
directions.

II. RELATED WORK

A. Semantic Segmentation

Semantic segmentation aims to assign a category label to
each pixel in an image. The advancement of deep learning has
revolutionized semantic segmentation, with convolutional neu-
ral networks (CNNs) and Transformer architectures achieving
unprecedented performance through hierarchical feature learn-
ing. However, when processing WRIs, GPU memory limitations
pose a significant challenge. To address this issue, existing tech-
niques primarily adopt two approaches: cropping and fusion.

1) Cropping-Based Methods: Cropping-based methods di-
vide WRIinto local patches to alleviate memory constraints [29],
[30], [31]. Early approaches like PSPNet [32] introduce spatial
pyramid pooling modules to enhance the contextual awareness

of local patches through multi-scale feature fusion. DeepLab-
v3+ [33] employs an encoder-decoder architecture with
depthwise separable convolutions, optimizing computational
efficiency while preserving details. HRNet [34] maintains con-
tinuous high-resolution representations from low to high-level
feature streams through parallel multi-resolution subnetworks,
significantly improving the segmentation accuracy. With the
rise of Transformer architectures [35], [36], SegFormer [37]
proposes a hierarchical encoder without position encoding,
combined with a lightweight decoder, providing flexible support
for dynamic cropping inputs. Although these cropping-based
methods effectively reduce memory usage, they introduce arti-
facts like boundary discontinuities due to the cropping process.

Recently, RSFMs have significantly advanced the perfor-
mance of semantic segmentation [13], [14], [15]. RingMo [16]
introduces a framework that employs generative self-supervised
learning on a large dataset of two million images, excelling in
detecting small objects in complex scenes. GFM [17] proposes
an efficient method for building geospatial foundation models
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through continual pretraining from ImageNet [38] on a diverse
dataset. Satlas [14] provides a large-scale dataset with extensive
annotations to enhance deep learning models’ performance on
geospatial tasks. ScaleMAE [15] focuses on learning multi-
scale representations via masking and reconstruction at different
scales. SatMAE++ [18] extends Transformer-based pretraining
to incorporate multiscale information from various sensors,
with upsampling for reconstruction. SkySense develops a multi-
modal foundation model using a unified self-supervised learning
framework to interpret diverse imagery, including optical and
synthetic aperture radar data [13]. While these RSFMs achieve
improved performance, their massive parameter sizes impose
high demands on GPU memory, further limiting their application
in WRL

2) Fusion-Based Methods: To mitigate the information frag-
mentation in cropping strategies, researchers have developed
fusion-based semantic segmentation methods that integrate local
details with global contexts [12], [20], [21], [22]. GLNet [12]
proposes an interactive architecture with global and local
branches. The global branch processes downsampled images
to extract semantic contexts, while the local branch focuses on
original resolution patches to capture details. LCF-ALE [20]
further introduces a local-aware context correlation mecha-
nism, utilizing graph convolution to model the spatial topol-
ogy of adjacent patches, significantly improving segmentation
consistency in complex texture areas. MagNet [21] adopts a
progressive coarse-to-fine segmentation strategy, generating a
low-resolution semantic map to capture global structures and
refining edge accuracy through deformable convolution align-
ment with high-resolution features. ISDNet proposes a relation-
aware fusion module that combines shallow texture features with
deep semantic features, achieving adaptive weighted integration
through channel attention mechanisms. These approaches lever-
age innovative feature interaction mechanisms and hierarchical
multi-scale modeling to enhance global semantic consistency
while preserving localized details [22]. However, their practi-
cal implementation faces two key challenges: downsampling
introduces information degradation and noise propagation, and
intensive data I/O interactions result in longer training times that
hinder the scalability of these methods.

In summary, while existing methods partially mitigate GPU
memory consumption and contextual preservation challenges,
neither cropping-based nor fusion-based approaches fundamen-
tally achieve end-to-end HSW.

B. Long-Sequence Processing

The computational demands of WRI, stemming from its large
size, align fundamentally with challenges in long-sequence pro-
cessing. Key strategies emerge from two domains: whole-slide
image recognition addresses massive inputs through tiling or
multi-resolution analysis while preserving spatial relationships,
and long-context extension overcomes sequence length limits
via memory-efficient attention and distributed processing. Both
employ hierarchical processing to balance local details and

global context, which is potentially adaptable to WRI, while
requiring adaptation to its unique spatial semantics.

1) Whole-Slide Image Recognition: WSIs are crucial in com-
putational pathology for their unparalleled ability to capture
detailed tissue structures, yet their huge size presents formidable
computational challenges. To tackle these, several methods have
been designed with unique strategies [23], [24], [25], [39],
[40]. Streaming CNN [23] uses a tiling approach, dividing
large WSIs into smaller tiles to manage memory efficiently,
enabling analysis of images that exceed typical memory limits
while retaining essential details. Building on this, Enhanced
Streaming CNN [39] enhances efficiency with optimizations
that reduce memory usage further and boost processing speed,
ideal for time-sensitive clinical applications. Conversely, Prov-
GigaPath [24] employs a Transformer model to handle extensive
contextual data across numerous tiles, capturing long-range
dependencies vital for understanding complex tissue patterns in
WSIs. Whole-Slide Training [25] takes a direct route, processing
entire WSIs without tiling by leveraging advanced memory man-
agement across multiple GPUs, preserving image integrity for
potentially superior diagnostic outcomes. Meanwhile, STAMP
offers a flexible toolkit with multi-resolution analysis, allowing
adjustment of detail levels to meet varied analysis needs of WSIs,
supporting both detailed and broad perspectives [40]. These
methods address the size and complexity of WSIs, advancing
computational pathology by enabling more effective and effi-
cient diagnostic tools.

2) Long-Context Extension: Processing and effectively
utilizing long sequences poses a significant challenge for deep
learning models, especially Transformer-based large language
models, where the quadratic complexity of self-attention
traditionally limits context length. To address this, researchers
have developed novel model architectures and advanced
training techniques [26], [27], [28], [41]. Early efforts focused
on architectural modifications. Transformer-XL [26], for
instance, introduces segment-level recurrence and state reuse
to enable information flow beyond fixed-length segments,
effectively extending the contextual horizon. Approaches like
Longformer [27] employ sparse attention mechanisms to reduce
the computational cost, thereby allowing models to handle
much longer documents directly. Complementary to extending
context, scaling the training process for the resulting super-large
models is crucial, with research exploring efficient distributed
training techniques, potentially using 2D parallelism, to make
training feasible [41]. DeepSpeed-Ulysses tackles memory
and scalability barriers in long-sequence Transformer training
through sequential parallelism and optimized communication,
enabling linear scaling. Its modular design supports diverse
attention mechanisms and integrates with ZeRO-3 for joint
model and context scaling, circumventing quadratic complex-
ity [28]. These advances address both the technical challenge of
processing longer sequences and the fundamental requirement
for models to utilize information across extended contexts.

In general, although methods for whole-slide image recogni-
tion and long-context extension provide valuable insights into
long-sequence processing, their significant differences from the
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HSW task make adapting these methods to HSW a non-trivial
challenge.

III. METHODS

A. Overview

To clarify how REST works, we detail its steps in Algorithm
1. As shown in Fig. 2(a) and (b), REST allows for the efficient
handling of large-size images by distributing the computational
load of WRI and leveraging the communication across multiple
GPUs, overcoming the limitation of global context awareness
and enhancing the model’s ability to capture long-range depen-
dency. Assuming we have M GPUs, the objective function of
REST can be defined as follows:

Z L£9(0

Ex® yyp [E(Q; X, Y(i))} ;o (D

where 0 = {eenm 05pim7 edec}» and eenc» espim’ and edec represent
the parameters of the encoder, SPIM, and decoder in REST,
respectively. (X (¥, Y ()) denotes the WRI-label pair in the
dataset D. Given the objective function, we describe the REST
algorithm step-by-step in the following.

mln L(6

L) =

B. Region Dispatching

Let X € RT*WxC denote the input WRI, where H, W repre-
sent the height and width of the WRI respectively, and C' denotes
the number of channels. The input image is dispatched along its
height and width into M different, non-overlapping regions:

s RMx (55"

¢:RH><W><C XC)7 (2)

[X(”;X(Q);u-;X(M)} —¢(X), XD RO (3)
where ¢ denotes the dispatching operation, and X Q) represents
the dispatched region of X on GPU 4. Concretely, we first
compute log, (M) and then divide this quantity into two parts

to determine the vertical and horizontal partition counts:
—9l3 logz (M) 4)
5Py = 21082(M)=L3 loga(M)] (5)

such that spj, X sp, = M, where |-| denotes the floor oper-
ation. Each GPU process, identified by a global rank index
rank € {0,..., M — 1}, then computes its assigned subregion

indices as
ind,, = rank mod spy, (6)
. rank
ind, = | 1. (7)
SPh

We partition X into spj, horizontal strips and select the indj, th
one, then further partition that strip into sp,, vertical blocks and
select the ind,,th block. This procedure yields M subregion
pairs {X ()} M

<C HXW><C

>~ R M (8)

. H 1%
X ¢ Rvn 5w

Algorithm 1: Algorithm of the Proposed REST.

1: Input: Encoder model 6§, _ initialized from pretrained
model; Randomly initialized SPIM Hsplm and decoder

model 6;,.; WRI dataset D; number of available GPUs
M ; number of total iterations n;s.,; learning rate 7y

2: Output: Converged encoder model O, SPIM Ogpim, and
decoder models 04.; predicted segmentation results P
3:fort=1,..., N do
4:  if not converged then
5: Sample WRI X and ground truth Y from D
6: XU x®  xO) g(X) > Eq. (3)
7 YW, Y( ). Y(M) — oY)
8: fori=1,..., M in parallel do
9: FO gt (X)) > Eq. (5)
10: forj=1,...,M do
11: GPU 1 sends F;l) to all other GPUs
12: GPU i receives Fl(-j ) from all other GPUs
13: G\ « FY > Eq. (6)
14: end for ‘ ‘ .
15 GY esplmaaﬁ”,cé“,...,Gx;D > Eq. (8)
16: fork=1,...,M do
17: GPU i sends G,(;) to all other GPUs
18: GPU 1 receives GZ(-k) from all other GPUs
19: F g > Eq. (9)
20: end for
21: PO ¢, (FY) > Eq. (11)
22: end for

23: L« M (L(PD,Y®))
24: O+ Gt —ngVL(0Y)

25: endif

26: end for

which are then processed independently on the M GPUs. In
practice, the choice of M can be flexibly adjusted according to
the size of WRI and the number of available GPUs, typically set
to a power of two.

C. Feature Encoding

After the dispatching, X () is encoded into features on its

corresponding GPU i:

Benc : RT3 XC _y RINXD), )

FO = (X)), FO ¢ RVN*P,

(10)
where F(*) denotes the encoded features, D denotes the number
of features, and N = HIT/IW. The encoder network model €,
normally contains several network layers, such as convolutional,
attention, and mamba layers. Without loss of generality, we can
assume that F) and X are consistent in spatial dimension,
unaffected by downsampling in the encoder. Note that the en-
coder typically outputs features from multiple stages for subse-
quent operations, but we only present the features from a single
stage here for simplicity. This feature encoding process yields
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features containing only information from the corresponding
region.

D. Spatial Parallel Interaction

To enhance the spatial interaction across the entire WRI,
we design a novel spatial parallel interaction mechanism uti-
lizing the all-to-all communication operation. Specifically, the
encoded features F(¥) are first split into M sub-features (i.e.,
attention head) along the channel dimension, with each attention
head maintaining a sub-feature F§»Z) € RNV * 37 . The number of
attention heads is kept equal to the number of GPUs to ensure
a one-to-one mapping between attention heads and compute
devices. Features on different GPUs interact with each other
in the all-to-all communication. This can be represented as

GV =FY vije{l2.. . M} (11)
where each GPU 7 sends its jth sub-feature in F% to GPU jand
receives the corresponding sub-features from the other GPUs.
Gél) denotes the sub-feature that GPU ¢ receives from GPU j
on attention head ¢ after the communication. This process can
also be regarded as a transpose operation between the spatial
dimension and the channel dimension from a global perspective.
Then, features on the same GPU ¢ are aggregated by

,RNxD_HR(NxM)x%_>RNxD7

aspim . ( 1 2)

G = Opim ([G@, GY,. .., Ggy]) G e RN E . (13)
where O is composed of multiple self-attention layers, and
G € RWxM)x5p o« RHXWx37 Thys, the computation in
SPIM is distributed across M GPUs according to the channel
dimension instead of the spatial dimension, with each GPU
responsible for features of % channels across the entire H x W
spatial region, maintaining the spatial integrity. SPIM ensures
a comprehensive and seamless exchange of features, enabling
the model to extract global context information. With SPIM,
REST achieves near-linear throughput-scalability in handling
WRI. After that, the features are sent back to their corresponding
GPUs through the all-to-all communication:

FY =GY, vije{l,2,... M)} (14)

E. Feature Decoding

The extracted features from region ¢ are fed into the decoder,
which processes them to generate predictions PO,

Ogec : RIVXD) _y R¥GT K (15)

PO = o (FD), PO e R K (16)
where K represents the number of categories. Predictions P*)
and corresponding ground truth labels Y (9 are used to compute
the loss and optimize the whole model 6 = {Ocnc, Ospim, Oaec }-
In line with prevailing methods, we employ the UPerNet [42]
architecture as our decoder, which takes multiscale features as
input to handle targets of different scales better. Notably, REST

can also be adapted to many other decoder architectures, as
illustrated in Fig. 10(d) and Supplementary Figure S2.

F. Region Combining

During the testing stage, predictions on each GPU are gath-
ered on GPU 1 to generate the whole prediction P.

w . RMX(H;\(JWXK) _> ]:RI{XVVXI(7 (17)
P=1 ({PW;P(?); y .;P(M)D . P e REXWXK (1g)

where 1) denotes the combining operation. It is noted that the
proposed REST is model-agnostic, which can adapt to differ-
ent types of encoder and decoder network models, including
CNN [43], Transformer [36], as well as the latest Mamba [44].
It is worth noting that, since REST distributes the storage and
computational load across GPUs, it achieves better parallelism
and much higher computational efficiency than global-local
fusion-based methods. At the same time, it maintains high
precision.

G. A General Framework for Holistic Segmentation

Our REST framework delivers a general holistic segmentation
pipeline that readily supports both current and future backbones
(e.g., the emerging RSFMs). Rather than merely sharding input
tiles across GPUs [45] or splitting network layers [41], we
partition the image into independent regions and employ our
SPIM for full crossregion feature exchange and unified attention.
This strategy eliminates boundary artifacts, consolidates global
context, achieves nearlinear scaling as GPUs are added, and
supports genuine plugandplay integration with a wide range of
segmentation architectures.

In practical implementation, REST requires fewer computa-
tional resources during inference than in the training phase, and it
can be deployed on a reduced number of GPUs or within smaller
GPU memory, while still preserving the benefits of global fea-
ture fusion. Users maintain full flexibility in selecting input
resolution and region partitioning, and may incorporate their
preferred encoder—decoder architectures or leverage pretrained
weights obtained from specific datasets with minimal adaptation
overhead. This combination of efficiency and adaptability makes
REST a simple but effective solution for HSW.

IV. EXPERIMENTS AND ANALYSIS

A. Experimental Setup

1) Datasets for HSW: To validate the effectiveness of REST,
we specifically select four representative HSW datasets for
experimentation including: the GLH-Water dataset [49], with
an image size of 12,800%x 12,800 and three spectral bands;
the Five-Billion-Pixels dataset [50], with an image size of
6,800% 7,200 and four spectral bands; the UAVid dataset [51],
with an image size of about 4,096x2,160 and three spectral
bands; and the WHU-OHS dataset [52], with an image size of
around 6,272x6,272 and twenty-four spectral bands. Details
about the datasets can be found in Supplementary Section 8.
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2) Evaluation Metrics: To access the performance, we use
metrics including overall accuracy (OA), mean intersection over
union (mloU), Fl-score, and mean accuracy (mAcc). For the
GLH-Water [49] dataset, we report only the IoU metric for
the positive class (i.e., water), excluding the background class.
Additionally, we report the Fl-score for GLH-Water because
it provides a comprehensive reflection of both precision and
recall. For the remaining three multi-class segmentation datasets
(Five-Billion-Pixels [50], WHU-OHS [52], and UAVid [51]), we
provide the IoU metrics for each category, along with mloU and
OA toreflect overall segmentation performance. Specifically, for
UAVid, we report mAcc instead of OA to align with the results
from Ringmo-Aerial [53].

3) Architectural Configuration: We equip REST with three
distinct types of typical encoders, including a CNN (ConvNeXt-
V2-Large [43]), a state space model (VMamba-Base [44]), and
a Transformer (Swin-Large [36]). Specifically, we utilize the
SkySense-pretrained model for Swin-Large [13], and ImageNet-
pretrained models for the other two (see Supplementary Section
6 and Supplementary Figure S5 for details). The prevalent
UPerNet [42] is selected as the decoder due to its powerful
capabilities. It should be noted that we also conduct experiments
on more encoders and decoders, as shown in Fig. 10(d) and
Supplementary Figure S2.

4) Implementation Details: REST is developed using the
mmsegmentation framework. During the training and testing
phases, the required number of NVIDIA A100 GPUs ranges
from 1 to 16, depending on the chosen sizes during training
and testing. It is important to note that REST imposes no
restrictions on the number of GPUs that can be used. With a
sufficient number of GPUs, REST can scale up the throughput
to handle images with larger sizes. The comparison models are
trained using the same random seed and the default parameters,
initialized with ImageNet-pretrained models. For our REST, the
ConvNeXtand VMamba models are initialized using ImageNet-
pretrained models [38] from corresponding repositories. For the
Swin model, we use SkySense-pretrained models [ 13] for weight
initialization. The model parameters are tuned with the AdamW
optimizer, based on the minimization of cross-entropy. We use a
two-stage-learning strategy to improve the training efficiency of
our REST. Specifically, we first train models on cropped image
tiles, use the trained weights to initialize the REST, and then
continue training on WRIs. The REST models are trained on
WRIs for 10,000 iterations. All comparison models are trained
for 80,000 iterations on cropped image tiles according to the
official parameter settings in the mmsegmentation framework.

5) Baseline Methods: We compare REST with SOTA seman-
tic segmentation methods. These methods can be categorized
into two groups: cropping-based methods and fusion-based
methods. For cropping-based methods [29], [30], [31], [32],
[33], [34], [37], the WRI is divided into smaller tiles for training
and testing. These methods often fall short in effectively intro-
ducing global context information. We also implement specific
models for water body extraction [54], [55], UAV image segmen-
tation [53], [56], and hyperspectral image segmentation [57],
[58]. For fusion-based methods [12], [20], [21], [22], they aim to
improve performance by combining local tile information with
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Fig. 3. Visualization of segmentation results on GLH-Water dataset. REST
accurately extracts the complete water body although it is obscured by clouds,
while the competing methods present omission errors in different locations. All
models use the UPerNet as the decoder. Best viewed in color.

global context. Typically, these methods involve downsampling
the WRI, leading to information degradation and the introduc-
tion of noise or artifacts. Furthermore, fusion-based methods
require extensive data reading and writing operations, resulting
in a longer training time (Table III). To verify the effectiveness
of REST, we compare its performance with these comparison
methods across different semantic segmentation tasks. As shown
in Table I, REST shows improved performance across all tasks.
In the following, we elaborate on the superiority of REST in
various semantic segmentation tasks.

B. Results and Analysis

1) Overall Performance: To analyze the performance of
REST on single-class semantic segmentation task with opti-
cal satellite imagery, we conduct experiments on the GLH-
Water [49] dataset. This dataset features large-size images and
significant intra-class variations. It requires a significant amount
of contextual information to accurately segment the water bodies
within the WRI, which is a very good condition for validating
REST. As displayed in Table I, although cropping-based meth-
ods are limited to performing predictions on cropped image tiles,
Swin-Large-SkySense, a recently proposed RSFM, achieves a
remarkable ToU score of 86.64%, significantly outperforming
all existing methods. The integration of REST further enhances
Swin-Large-SkySense’s capability by enabling HSW, resulting
in a substantial increase of IoU score to 89.15%. Furthermore,
REST demonstrates notable versatility by significantly boosting
the performance of VMamba-Base and ConvNeXt-V2-Large.
These improvements primarily originate from REST’s holistic
segmentation capability. Notably, fusion-based methods fail to
converge to satisfactory performance despite extended training
periods, due to their inherent limitation in parallel processing.
By effectively perceiving and leveraging rich contextual infor-
mation in the WRI, REST achieves precise segmentation of
geographical elements while maintaining their spatial integrity,
as demonstrated in Fig. 3 and Supplementary Figure S6. Besides,
REST also demonstrates a good trade-off between accuracy and
efficiency owing to its high degree of parallelism. As displayed
in Fig. 10(b) and (e), Fig. 11 and Table IV, REST delivers stable
performance gains compared to SOTA baselines (Fig. 10(g)),
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TABLE I

PERFORMANCE COMPARISON OF REST AND DIFFERENT METHODS ON VARIOU

S WHOLE-SCENE REMOTE SENSING IMAGE SEGMENTATION TASKS. THE NUMBERS

IN PARENTHESES (E.G., +4.22) AT THE BOTTOM OF THE TABLE REPRESENT THE ACCURACY IMPROVEMENTS ACHIEVED BY THE REST METHOD COMPARED TO
THE CROPPING-BASED BASELINE METHODS (E.G., 82.24—86.46).

Method GLH-Water Five-Billion-Pixels WHU-OHS UAVid
cthods (12,800x12,800x3)  (6,800x7,200x4)  (6272x6,272x24)  (4,096x2,160x3)
Type Encoder Decoder IoU 1 mloU OA mloU OA mloU mAcc
ResNet-101 [46] PSPNet [32] 77.32 87.21 64.48 89.02 20.77 45.72 69.14 78.93
ResNet-101 [46] ~ DeepLab-v3+ [33] 7854 87.98 64.01 89.00 18.14 45.26 69.80 78.70
HRNet-48 [34] FCN [47] 76.27 86.53 64.84 88.95 17.76 46.89 69.50 78.80
HRNet-48 [34] OCRNet [29] 78.77 88.13 63.91 89.33 21.60 48.47 70.19 79.63
ResNet-101 [46] PointRend [30] 73.59 84.79 60.93 88.16 20.22 47.16 68.34 78.19
Cropping- STDC-1446 [31] STDC [31] 75.82 86.25 50.94 85.70 17.23 41.13 63.52 73.29
based MIT-B5 [37] SegFormer [37] 82.77 90.57 65.73 89.30 18.19 44.24 71.27 80.78
methods Cf/’;“gf{;t [43] UPerNet [42] 82.24 90.25 59.72 88.13 13.26 32.68 68.38 77.74
Vh/éaar;ba— [44] UPerNet [42] 83.12 90.78 68.00 90.52 20.40 46.84 72.00 81.68
Swin-Large- |, 5, UPerNet [42] 86.64 92.84 69.68 90.51 2033 46.04 7020  79.13
SkySense
Fusion. ResNet-50 [46] GLNet [12] - - 44.73 - - - - -
B VGG-16 [48] LCF-ALE [20] 74.92 85.66 48.28 - - - - -
methods ResNet-50 [46] MagNet [21] 62.77 - 44.20 - - - - -
ResNet-18 [46] ISDNet [22] 53.04 - 21.98 - - - - -
ConvNeXt- UPerNet [42] 86.46 92.74 61.57 88.50 13.54 34.60 69.95 79.08
Our REST v2-Large erive (+4.22)  (+2.49)  (+1.85)  (+0.37)  (+0.28) (+1.92)  (+1.57) (+1.34)
(holistic VMamba- 0 UPerNet [42] 89.08 94.09 69.41 91.96 21.97 47.78 73.16 82.30
segmentation Base ere (+5.96)  (+331)  (+141)  (+144) (+157) (+0.94) (+1.16) (+0.62)
methods) Swin-Large- [13] UPerNet [42] 89.15 94.26 72.95 92.78 22.81 49.26 71.77 80.54
SkySense crive (+251)  (+142)  (+327)  (+2.27)  (+248)  (+3.22)  (+157)  (+1.41)

Bold value and underlined value indicate the best and the second-best performance, respectively.

TABLE II
PERFORMANCE COMPARISON OF REST AND DIFFERENT METHODS ON SELECTED CATEGORIES OF FIVE-BILLION-PIXELS DATASETS. THE JoU (%) VALUE OF

EACH CATEGORY IS PRESENTED. THE COMPLETE TABLE OF 24 CATEGORIES IS PROVIDED IN SUPPLEMENTARY TABLE S17. THE ABBREVIATIONS AND
CORRESPONDING FULL NAMES OF CATEGORIES ARE PROVIDED IN THE SUPPLEMENTARY TABLE S18.

Type Encoder Decoder Pond Stad Rive Park Rail Road Lake Snow Average
ResNet-101 [46] PSPNet [32] 356 464 744 508 455 738 826 66.8 64.48
ResNet-101 [46] ~ DeepLab-v3+[33] 340 446 752 523 486 742 830 63.7 64.01
HRNet-48 [34] FCN [47] 296 484 731 498 484 749 803 74.8 64.84
Croppine. HRNet-48 [34] OCRNet [29] 36.9 7.8 802 257 467 714 79.6 57.9 6391
bg’fe dg ResNet-101 [46] PointRend [30] 324 388 741 235 417 706 76.7 415 60.93
mothods STDC-1446 [31] STDC [31] 30.1 0.0 709 161 323 627 800 203 50.94
MIT-B5 [37] SegFormer [37] 37.2 0.0 80.1 127 389 645 807 9.1 65.73
ConvNeXt- 5 UPerNet [42] 282 446 717 425 410 736 80.4 343 59.72
v2-Large
Vl\gsneba' [44] UPerNet [42] 343 506 804 473 549 743 85.5 69.1 68.00
Swin-Large- 1,4, UPerNet [42] 3.6 520 732 524 575 759 817 77.8 69.68
SkySense
Fusion. ResNet-50 [46] GLNet [12] 237 273 610 47 260 474 775 0.0 4473
ot VGG-16 [48] LCF-ALE [20] 240 423 482 253 284 420 712 287 4828
ase ResNet-50 [46] MagNet [21] 20.2 0.0 63.1 00 231 444 78.8 8.7 44.20
methods g
ResNet-18 [46] ISDNet [22] 0.2 0.0 14.6 0.0 0.0 542 5658 0.0 21.98
Our REST Cé’;“f:fgf [43] UPerNet [42] 272 474 708 423 400 743 79.9 435 61.57
(holistic VMamba- ) UPerNet [42] 340 474 873 455 516 752 888 792 69.41
segmentation _ Base
methods) Swin-Large- 5, UPerNet [42] 415 556 903 545 594 777  90.5 80.9 72.95
SkySense

Bold value and underlined value indicate the best and the second-best performance, respectively.

incurring only a marginal computational cost (Table III). In gen-
eral, contrary to the intuitive assumption that WRI is superfluous
for single-class semantic segmentation, our study demonstrates
the fundamental necessity of HSW, as empirically confirmed
through the experimental results.
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To verify the effectiveness of REST on multi-class semantic
segmentation of multispectral satellite imagery and optical Un-
crewed aerial vehicle (UAV) imagery, we conduct experiments
on the Five-Billion-Pixels [50] and the UAVid [51] datasets. In
addition to their large-size attributes, these two datasets possess
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TABLE III

COMPARISON OF PERFORMANCE AND EFFICIENCY ON THE FIVE-BILLION-PIXELS DATASET. TRAINING TIME REPRESENTS THE DURATION REQUIRED FOR THE
MODEL TO TRAIN UNTIL CONVERGENCE, WHILE TESTING TIME DENOTES THE TIME NEEDED TO COMPLETE THE INFERENCE FOR A WRI.

Type Encoder Decoder mlIoU(%) OA(%) Training time (hour) Testing time (second)
ResNet-101 [46] PSPNet [32] 64.48 89.02 19.6 6.8
ResNet-101 [46]  DeepLab-v3+ [33] 64.01 89.00 17.2 7.1
HRNet-48 [34] FCN [47] 64.84 88.95 10.2 12.5
HRNet-48 [34] OCRNet [29] 63.91 89.33 15.0 9.1
ResNet-101 [46]  PointRend [30] 60.93 88.16 7.0 5.8
Cropping-  STDC-1446 [31] STDC [31] 50.94 85.70 8.0 5.1
based MIT-B5 [37] SegFormer [37] 65.73 89.30 14.1 8.6
methods Cé’;‘f;lf;t [43]  UPerNet [42] 59.72 88.13 16.3 126
Vl\’éi‘;;ba' [44]  UPerNet [42] 68.00 90.52 12.8 95
Swin-large 1131 UperNet [42] 69.68 90.51 116 12.4
SkySense
Fusion. ResNet-50 [46] GLNet [12] 44.73 - 336.2 207.1
B VGG-16 [48] LCF-ALE [20] 48.28 - 208.4 913
athods ResNet-50 [46] MagNet [21] 44.20 - 395 119.7
ResNet-18 [46] ISDNet [22] 21.98 - 103 158
ConvNeXt-
Our REST o-Large 143] UPerNet [42] 61.57 88.50 334 135
(holistic VMamba- ) parNet [42] 69.41 91.96 166 125
segmentation Base
methods)  Swin-Large- ;31 yyperNet [42] 72.95 92.78 18.7 14.0
SkySense
TABLE IV [] poser e [ ovem W oo [ swvey [ srorsevocotons [ omersorstions
COMPARISON OF BASELINE METHODS AND OUR PROPOSED REST ON THE - High-covered grassiand . Medium-covered grassiand |:| Low-covered grassiand |:| Riverlcanal . Lake . Resenvoirpond
GLHWATER DATASET. UPERNET IS UTILIZED AS THE DECODER FOR ALL . Beach land . Shoal . Utban bultup D Rural settlement D Other construction land |:’ Sand
METHODS e [ I - He O 0 o
—
Method | Params FLOPs | IoU (%) F1 (%)
ConvNeXt 233 1570 8224  90.25
271 1686 8646 9274
ConvNeXt+our REST | ‘a9 ([116) | (+422) (+2.49)
VMamba 121 1161 8312 90.78
138 1212 89.08  94.09
VMamba +our REST | oy 51y | (45.96) (+3.31)
SkySense 234 1771 86.64  92.84
272 1888 89.15  94.26
SkySense + our REST | ‘3)  (1117) | (+251) (+1.42) B

distinctive features. The Five-Billion-Pixels dataset comprises
24 fine-grained classes, presenting challenging inter-class simi-
larities that cannot be resolved through analysis of local image
tiles alone. It is essential for models to comprehensively uti-
lize global contextual information and capture the relationships
among geographical elements, which have been empirically
demonstrated as distinctive advantages of REST. As illustrated
in Table II and Fig. 5, the incorporation of REST substantially
enhances the IoU score in most categories, especially for fine-
grained categories with high inter-class similarity. Additionally,
we verify the efficacy and versatility of REST on several other
encoders and decoders, consistently demonstrating its capacity,
as illustrated in Fig. 10(d) and Supplementary Figure S2. When
considering the UAV imagery, its oblique viewing geometry
poses distinct challenges for semantic segmentation, primarily
manifested as substantial scale heterogeneity for the same object
category depending on its distance from the sensor. As presented

Fig. 4. Visualization of segmentation results on WHU-OHS dataset. Even
on the challenging hyperspectral imagery datasets, REST demonstrates better
segmentation results than the competing methods. All models use the UPerNet
as the decoder. Best viewed in color.

in Supplementary Table S16, there is consistent improvement
across almost all categories by integrating REST. VMamba-Base
achieves optimal performance on the UAVid dataset with REST,
even outperforming some methods specifically tailored for UAV
images [53], [56]. Visual comparisons in Fig. 6 demonstrate that
REST substantially enhances the spatial integrity of segmented
objects relative to competing methods. To sum up, experimental
results demonstrate that REST can achieve the best performance
on both satellite and UAV imagery, showing its versatility.

To explore the most arduous task of multi-class semantic seg-
mentation of hyperspectral satellite imagery, we conduct exper-
iments on the WHU-OHS dataset. This dataset is characterized
by two properties: large image size and large number of spectral
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Segmentation results on Five-Billion-Pixels dataset. REST successfully distinguishes between fine-grained categories (e.g., river, lake, pond) due to the

enriched spatial context, while the results of other competing methods mostly show confusion among these categories. All models use the UPerNet as the decoder.

Best viewed in color.
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Fig. 6. Visualization of segmentation results on UAVid dataset. Compared
with other methods, REST precisely identifies the vehicle in the image as a
moving car instead of a static car, completely extracts the road, and significantly
reduces misclassification problems. All models use the UPerNet as the decoder.
Best viewed in color.

channels (each image has a size around 6,272 x 6,272 pixels and
24 spectral channels). Simultaneously, it exhibits a severe class
imbalance issue (Supplementary Figure S8) and demonstrates
significant intra-class variability due to the diverse visual appear-
ances present across WRIs. These factors render it difficult for
models to learn robust feature representations, preventing both
the comparison methods and our REST from attaining good
performance. Notwithstanding these challenges, results point
out that the utilization of REST still engenders improvement
in overall accuracy. Supplementary Table S15 illustrates the
category-level results on the WHU-OHS dataset. Certain cat-
egories appear in only a scant few scenes within the validation
and testing sets, thereby heightening the difficulty of model
learning and occasionally leading to zero accuracy for those
specific categories. Even in such challenging circumstances,

REST achieves noticeable improvement, demonstrating its ef-
fectiveness. To sum up, REST stands out as a superior solution
across various tasks for HSW, encompassing diverse spectral
bands, different sensor types, and various category granularities.

2) Global Perception and Robust Representation Ability:
From an explainability perspective, we conduct a focused analy-
sis of REST’s global perception and representation ability, which
are intrinsically coupled characteristics that interact synergisti-
cally. Global perception refers to the ability of REST to focus
both on local details and the entire scene, including the struc-
tures, arrangements, and interactions of different geographical
elements. This involves aggregating information from different
regions of WRI to form a comprehensive understanding, en-
abling the identification of global patterns and dependencies that
might not be apparent when looking at individual components in
isolation. As for the representation ability, it denotes the capacity
to represent and convey meaningful information about the WRI
in the form of features, involving learning complex non-linear
relationships in the image, highlighting important character-
istics, and suppressing noise or redundant information. In the
following, we will discuss these two capabilities separately, as
well as the effects of their coupled interaction.

To investigate the global perception ability, we conduct ex-
perimental analysis across multiple tasks. By facilitating com-
munication and information exchange among multiple GPUs,
REST enables cross-GPU global attention calculation. REST
enables models to perceive global information and mine long-
distance spatial context. As presented in Fig. 3 and Supplemen-
tary Figure S6, the global perception of REST ensures precise
segmentation in single-class semantic segmentation. Utilizing
the long-distance context, REST can preserve the complete
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Fig.7. Visualization of feature maps on Five-Billion-Pixels dataset. (a) Query
pixels (star). (b) Ground truth maps of query category. (c) Attention maps of
baseline. (d) Attention maps of baseline + our REST. Enhanced with REST, the
model can exploit the features of the entire spatial region in the WRI. Swin-
Large-SkySense with UPerNet is chosen as the baseline. Best viewed in color.

structure of geographical elements, offering a more reliable
segmentation result with fewer errors in both false positives
and false negatives. Besides, the results on multi-class semantic
segmentation further demonstrate REST’s global perception
capability. As depicted in Fig. 5, distinguishing between river
and lake within the fine-grained categories of water bodies poses
significant challenges for existing methods, primarily due to
limited receptive fields. These methods often misclassify the
water bodies within a given tile, leading to serious block effects
in the final result. In contrast, the results of REST show a
substantial alleviation in misclassification. Leveraging global
context, REST correctly segments rivers, lakes, and ponds, high-
lighting its effectiveness. One can see that the global perception
capabilities of REST endow the model with a stronger fine-
grained discrimination ability. Fig. 4 provides similar visualized
results on the hyperspectral WHU-OHS dataset. Compared to
other methods, REST maximally distinguishes the fine-grained
category of reservoir/pond. Moreover, visualization results also
confirm the effectiveness of REST on the UAVid dataset, where
the oblique view of UAV imagery brings additional challenges
to segmentation. As illustrated in Fig. 6, comparison methods
exhibit various issues such as block effects, commission errors,
and omission errors. In contrast, REST effectively distinguishes
cars and accurately extracts roads. Additional visualization re-
sults for the Five-Billion-Pixels dataset, WHU-OHS dataset, and
UAVid dataset are provided in Supplementary Figure S7, S8, and
S9, respectively.

To analyze the representational ability of REST, we perform
experiments on the Five-Billion-Pixels dataset and visualize the
feature distribution. As exemplified in Fig. 7, the first column
shows the original input WRI, where the red, yellow, and blue
stars represent the query pixels. The second column displays
regions of the same category as the query pixel in the ground truth
maps. The third column illustrates the perceivable context infor-
mation using the baseline method, while the last column shows
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Fig. 8. Visualization of t-SNE results on Five-Billion-Pixels dataset. Swin-

Large-SkySense with UPerNet is chosen as the baseline. When combined with
REST, the features exhibit more distinct classification boundaries, demonstrating
the robust feature representation ability brought by REST. Best viewed in color.

Baseline Baseline + our REST

Fig. 9. The confusion matrices of results on the Five-Billion-Pixels dataset.
(a) The confusion matrix of the baseline. (b) The confusion matrix of baseline
integrating our REST. Swin-Large-SkySense with UPerNet is chosen as the
baseline. After the introduction of REST, the accuracy performance across
various categories improves, and the confusion between fine-grained categories
decreases. Best viewed in color.

the perception area with REST, capturing the whole-scene con-
text. Besides, the response values of feature maps demonstrate
that areas with high values align closely with the ground truth
maps. This alignment reflects that REST adaptively perceives
meaningful information for the query pixel. Additionally, Fig. 8
reflects the features extracted on the Five-Billion-Pixels dataset.
By comparing the two figures on the left and right, one can see
that the feature points in the right figure are more compactly clus-
tered, and the separation between different categories is more
distinct. This indicates that REST helps to improve the model’s
ability to distinguish features from different categories, thereby
enhancing the segmentation performance. Overall, Figs. 7 and
8 illustrate the robust representational capabilities of REST.
The combination of global perception and robust represen-
tation ability in REST helps to achieve discrimination between
fine-grained categories, improving performance while reducing
confusion. To support this, we visualize the confusion matrices
in Fig. 9. The baseline is on the left and the baseline with
REST is on the right. In the matrix, the color transition from
blue to red indicates an increase in values from small to large.
As one can observe from the figure, after incorporating REST,
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the prediction accuracies significantly improve for the vast ma-
jority of categories. Specifically, compared with the baseline,
REST achieves a remarkable increase of 17% to 20% in true
positives for categories such as garden land, artificial meadow,
river, and dry cropland. For categories like industrial area, park
land, pond, fish pond, stadium, overpass, and railway station,
there is a relatively substantial increase between 6% and 10%.
The adoption of REST is of great assistance in discriminating
fine-grained categories that require rich contextual information.
When compared with the baseline, REST shows a slight decrease
in categories such as bareland, rural residential, and airport. This
decrease might be attributed to parameter optimization deviation
and class imbalance. Yet this degree of accuracy reduction is
almost negligible when considering the overall accuracy im-
provement. The Five-Billion-Pixels dataset demonstrates typical
challenges in fine-grained segmentation. Certain inter-class sim-
ilarities among categories lead to confusion. For example, such
confusion arises among dry cropland, irrigated field, and garden
land; among river, lake, pond, and fish pond; among square,
road, overpass, and railway station; as well as among industrial
area, urban residential, rural residential, stadium, square, and
road. Following the utilization of REST, the degree of confusion
among these fine-grained categories is markedly diminished,
indicating a notable enhancement in the model’s fine-grained
discrimination ability and overall performance.

3) Near-Linear Throughput-Scalability With Expansion of
GPUs: Theoretically, REST achieves near-linear throughput-
scalability in handling WRI by distributing the memory load
across multiple GPUs. Here, we define throughput-scalability
as the ability of REST to scale up the throughput and handle
WRI with a larger image size as the number of GPUs expands.
During the HSW, REST divides the WRI into non-overlapping
spatial regions based on the number of available GPUs, with
each region processed on a separate GPU, ensuring balanced
memory utilization. Thus, REST scales up the handleable image
size near-linearly along with expansion of GPUs, as shown
in Fig. 11(b). To validate this theoretical analysis, we detail
the experimental validation of REST’s near-linear throughput-
scalability. In our implementation, when using 16 NVIDIA
A100 GPUs with 40 GB memory, REST can support HSW
with an image size of 12,800x 12,800 during testing and handle
images with a size of 4,096x4,096 during training (with the
batch size set to 8). As expected, one can observe that the
training stage requires more GPUs than the testing stage when
handling images of the same size due to the requirement to store
intermediate features and gradients. It is noted that, whether in
training or testing, REST can achieve HSW when a sufficient
number of GPUs are available.

To analyze the throughput-scalability, we conduct a series
of experiments on the Five-Billion-Pixels dataset, with Swin-
Large-SkySense with UPerNet as the baseline. It should be noted
that due to GPU memory limitations, the baseline methods are
limited to supporting a maximum training image size of 1,024 x
1,024pixels. In contrast, REST features throughput-scalability,
enabling progressive expansion of supported training image
sizes with an increasing number of GPUs. However, the trend
of segmentation performance varying with image size is not

entirely consistent with our expectations. The investigation, as
shown in Fig. 10(c), elucidates three critical phenomena through
empirical analysis. First, REST demonstrates consistent perfor-
mance enhancement across all evaluated training image sizes,
exemplified by its 2.28% mloU improvement over the baseline
at the training image size of 1,024 x 1,024, validating its capacity
to enhance feature representation. Second, our experimental
analysis reveals distinct stage-dependent size-accuracy relation-
ships. On the one hand, testing-stage evaluations exhibit a 3.60%
mloU gain for the baseline at a fixed training image size of
1,024 x 1,024 when testing image sizes increase, pointing out the
necessity of holistic segmentation during testing. On the other
hand, training-stage experiments demonstrate a 3.96% mloU
improvement as training image sizes expand from 256x256
to 1,024 x1,024, confirming that enhanced feature learning ca-
pacity at larger training image sizes. Third, REST’s scalability
boundaries emerge at extreme training image sizes, which is a
limitation stemming from the dual mechanisms of expanded spa-
tial context perception and introduced information redundancy
in the training stage. Although maintaining an advantage over
the baseline performance, further expansion to 4,096 x4,096
induces a 1.36% mloU degradation, This phenomenon exhibits
stage-specific manifestations: large-size training inputs propa-
gate noise prior to feature stabilization. However, the trained
models strategically leverage expanded contexts through atten-
tion mechanisms in the testing stage, evidenced by the mIoU gain
when testing image sizes increase under all training conditions.
Consequently, the empirically validated optimal configuration
combines a training image size of 1,024 x 1,024 with a testing
image size of 6,800x7,200.

To analyze from the perspective of the model parameters,
we conduct comprehensive experiments across all four WRI
datasets. Since the WRI is typically replete with a variety of
details, in order to precisely represent such intricate information,
the model should be equipped with a large number of parameters
to capture features across different scales and positions. As the
inputimage size increases, the complexity of the information en-
capsulated within the WRI increases significantly. Theoretically,
the model demands more parameters to process this information
effectively. For instance, consider a scenario where the model
can learn effectively with small-size images using /N parameters.
As the input size expands, the model might need 4N, 16NV, or
an even greater quantity of parameters to extract the information
and achieve an accuracy equivalent to or surpassing that of the
scenario with a small input size. However, if the model parameter
remains static at IV, the model may face a parameter shortage
when confronted with large-size images. This can impede the
model from fully leveraging all the information in the input
image, making it difficult to capture complex features and
relationships, and even resulting in a decline in performance.
We surmise that an optimal input image size for specific tasks
and particular categories likely exists. Supplementary Figure S3
presents more results to support this.

4) Efficiency Analysis: The proposed REST framework sig-
nificantly enhances the efficiency of RSFMs by enabling holistic
processing of large-size imagery while maintaining manage-
able computational demands. As shown in Fig. 11(a), unlike
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Fig. 10. Comprehensive performance of REST. (a) Per-class result comparison on the Five-Billion-Pixels dataset is shown, and Swin-Large-SkySense with

UPerNet is chosen as the baseline. The bar chart shows the average performance over five repeated experiments, and the dots indicate the individual performance of
each experiment. The error bars indicate the interval spanning one standard deviation about the mean (mean + std), derived from five independent experimental
repetitions. (b) Comparison of performance (IoU) and efficiency (testing time) of different methods on the GLH-Water dataset. (c) Performance of REST with
different baselines (i.e., encoders and decoders) on the Five-Billion-Pixels dataset. (d) Performance of REST on the Five-Billion-Pixels dataset with different
image sizes using Swin-Large-SkySense with UPerNet as the baseline. Here we adopt the notation size = Y as a concise representation for size =Y x Y to
simplify size descriptions. (e-g) Comparison of different methods in terms of training time, supported image size, and mloU. SkySense and LCF-ALE represent
the top-performing cropping-based and fusion-based methods, respectively. As shown, SkySense struggles with large-size WRI and exhibits limited accuracy.
LCF-ALE can only leverage degraded (i.e., downsampled) information, resulting in suboptimal performance in both efficiency and accuracy. Specifically, our
REST effectively utilizes whole-scene context, achieving superior accuracy while maintaining acceptable training time. Best viewed in color.
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traditional RSFMs constrained to processing cropped 2,048 x
2,048 tiles, REST allows these models to handle entire remote
sensing scenes with improved performance, despite introducing
only minimal parameter increases. Training efficiency analysis
inFig. 11(b) reveals REST’s near-linear GPU memory consump-
tion growth with increasing image sizes on the Five-Billion-
Pixels dataset, as shown by the blue data points and their red
fitted curve. This predictable memory pattern directly supports
the observed sublinear throughput scalability when expanding
GPU resources.

When evaluating inference efficiency (Fig. 11(c)), three clear
operational patterns emerge. First, for smaller inputs ranging
from 256 256 to 1,024 x 1,024, parallel processing acceler-
ates inference with underutilized GPUs. Second, at moderate
sizes between 1,024 x 1,024 and 2,048 x 2,048, GPU utilization
approaches saturation, forcing the framework to offload compu-
tations to CPU and host memory, which increases latency. Third,
with ultra-large images exceeding 4,096x 4,096, multi-GPU
deployments maintain per-GPU loads equivalent to single-GPU
processing of 2,048 x 2,048 tiles. However, this scaling in-
troduces critical communication bottlenecks, particularly from
8,192x 8,192t012,800x 12,800, where inter-node coordination
increases inference time by approximately 25% compared to
ideal expectations. These limitations persist in fixed-size ex-
periments with 2,048 x 2,048 inputs (Fig. 11(d)): scaling from

1 to 4 GPUs reduces per-GPU computational load, but the
accompanying communication overhead diminishes potential
speed improvements. The pattern further manifests in §-GPU
configurations where cross-node communication replicates the
latency issues observed in variable-size testing.

Notably, the framework’s behavior remains consistent across
hardware environments, as confirmed by single-node RTX3090
experiments (Fig. 11(e)) that exhibit similar diminishing returns
in multi-GPU scaling. These systematic observations collec-
tively validate REST’s ability to process large-size imagery
while exposing a fundamental constraint: current communi-
cation architectures, especially inter-node links, become the
dominant bottleneck when distributing ultra-large remote sens-
ing workloads. The results suggest that advanced networking
solutions such as InfiniBand, though unavailable in the current
test environment, could potentially mitigate these limitations.

Table IV provides a comprehensive comparison of the base-
line segmentation models and their RESTenhanced counterparts
on the GLHWater dataset, using UperNet as the decoder for all
methods. We report both the total number of parameters and
the floatingpoint operations (FLOPs), alongside the resulting
segmentation accuracy in terms of IoU and F1 score. Integrating
REST consistently boosts accuracy by up to 5.96% IoU and
3.31% F1, while only incurring a modest increase in computa-
tional cost. Notably, SPIM’s own FLOPs and parameter count
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TABLE V
ABLATION STUDY OF REST ON THE FIVE-BILLION-PIXELS DATASET. THE
TABLE REPORTS THE RESULTING MIOU AND TRAINING TIME.

Method ‘ Attn  Comm | mloU (%) ‘ Time (min)
Spatial partition baseline 69.08 73
+ attention parameters v 69.18 114
our REST (full SPIM) v v 69.51 213
TABLE VI

COMMUNICATION FREQUENCY SENSITIVITY ANALYSIS ON THE
FIVE-BILLION-PIXELS DATASET. THE TABLE REPORTS THE RESULTING MIOU
AND INFERENCE TIME IMPACT OF DISABLING COMMUNICATION MODULES AT

EACH STAGE (v': ENABLED, ’—": DISABLED).

Stage 0 Stage1 Stage2 Stage3 \ mloU (%)  Time (s)

v v v v 71.50 24.51
- v v v 7143 16.90
v - v v 71.46 24.02
v v - v 71.28 24.26
v v v - 71.46 24.26
- - v v 71.39 16.45
- - v - 71.36 15.86
- - - v 71.15 15.55

- - 70.99 15.39

remain invariant to the number of GPUs employed. To further
enhance efficiency and versatility, we introduce a selective KV
compression mechanism to substantially reduce communication
and computational overhead and develop lightweight variants to
ensure scalability in resource-constrained scenarios. See Sup-
plementary Section 3 for details.

5) Ablation Study and Parameter Analysis: We conduct a
comprehensive ablation study to evaluate the individual contri-
butions and sensitivity of key components in REST. The anal-
ysis focuses on the effects of spatial partitioning, inter-region
communication, and attention configuration. Through controlled
comparisons, we quantify the trade-offs between model accu-
racy and computational cost, and identify design choices that
most effectively enhance segmentation performance.

In the ablation study (Table V), the spatial partitioning base-
line without attention or communication achieves 69.08% mloU
in 73 minutes. Adding only attention raises mloU slightly to
69.18% but increases training to 114 minutes. Enabling both
attention and communication in full SPIM pushes mloU to
69.51% at 213 minutes, demonstrating a clear precision benefit
for the added module.

The communication sensitivity results (Table VI) show that
full fourstage exchanges yield the highest mloU (71.50%) at
24.51 seconds per forward pass. Disabling stage 0 reduces
accuracy by just 0.07% while saving around 7.6 seconds, and
disabling later stages incurs less than 0.22% drops with modest
speedups. Removing earlystage communication entirely drops
mloU to 70.99% but cuts about 9 seconds, highlighting a tunable
speed—accuracy tradeoff.

Table VII shows that increasing training heads from four
to twelve raises mloU, reaching 71.50% when trained with
twelve heads and tested with four, while using sixteen heads
offers no further gain. Under any fixed training setting, raising

TABLE VII
PARAMETER SENSITIVITY STUDY OF ATTENTION HEADS ON THE
FIVE-BILLION-PIXELS DATASET. THE TABLE REPORTS THE RESULTING MIOU.
Rows AND COLUMNS CORRESPOND TO THE NUMBER OF HEADS USED DURING
TRAINING AND TESTING.

Train/Test | 4 8 12 16
4 7093 7083 70.79 70.76
8 7127 7121 7119 7118
12 7150 7147 7144 7138
16 7091 7092 70.86 70.84

the number of heads at test time leads to lower accuracy. For
example, training with twelve heads and testing with eight,
twelve or sixteen heads yields mIoU values of 71.47%, 71.44%
and 71.38% respectively.

In addition to the core component ablations, we further vali-
date the versatility and robustness of our framework in the Sup-
plementary Section 3. Specifically, we integrate a scale-adaptive
attention module to enhance performance on small-scale objects,
demonstrate the synergy of our method with various class-
balancing techniques for handling rare categories, and confirm
its resilience against input and label noise through dedicated
noise interference experiments. We also incorporate an edge
alignment loss to improve stitching consistency at multi-GPU
boundaries with negligible computational impact. These com-
prehensive analyses affirm that REST is a robust and adaptable
framework for tackling diverse real-world challenges.

V. DISCUSSION

REST enhances the emerging remote sensing foundation
models: RSFMs [13], [14], [15], [16], [17], [18] have emerged
as a transformative solution to address the challenges of remote
sensing interpretation. By significantly scaling up model pa-
rameters, RSFMs demonstrate superior feature representation
and generalization capabilities compared to traditional deep
learning-based methods. While their substantially larger pa-
rameter sizes endow RSFMs with considerable potential for
handling HSW, this potential remains underutilized due to their
substantial GPU memory requirements, which currently restrict
them to processing cropped image tiles at reduced size. Notably,
REST effectively unlocks the full potential of existing RSFMs
by scaling them up to support a larger image size, as evidenced
in Fig. 11(a). The achievement of HSW through REST requires
between 4 to 16 NVIDIA A100 GPUs with 40 GB memory,
depending on the specific RSFM’s parameter size. Experimental
results confirm that REST can be seamlessly integrated with
RSFMs, and their synergistic combination significantly en-
hances HSW performance. Additional technical analysis and im-
plementation details are provided in Supplementary Section 2.

REST offers advantages of versatility and minimal overhead.:
The proposed REST framework demonstrates remarkable ver-
satility in supporting diverse data types and model architectures,
as evidenced by comprehensive results in Table I, Fig. 10(d), and
Supplementary Figure S2. It significantly enhances both over-
all and fine-grained category accuracy across various encoder-
decoder combinations, including Swin, VMamba, ConvNeXt,
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and ViT encoders paired with UPerNet, Mask2Former, and
SegViT decoders, underscoring its wide applicability and ef-
fectiveness. At its core, REST leverages SPIM, an architecture-
agnostic mechanism that seamlessly integrates with mainstream
models in a plug-and-play manner, ensuring adaptability to
emerging high-performance models for HSW. Unlike existing
fusion-based methods, which are constrained by their inability to
perform HSW and suffer from excessive computational redun-
dancy, REST introduces minimal overhead, requiring only 5%
to 10% additional computational resources and time to enable
HSW while delivering consistent accuracy improvements, as
quantitatively demonstrated in Fig. 10(b), Tables III, and IV.
REST shows promising potential for applications in the med-
ical field: Beyond RSIs, the segmentation of large-size medical
images remains a formidable challenge that has garnered ex-
tensive research interest [23], [24], [25], [39], [40]. While most
existing methods target whole-slide image classification, their
direct translation to pixellevel segmentation is often inadequate.
To assess REST’s generality, we applied it to three medical
benchmarks, including the ISIC dermoscopic dataset [59], the
CRAG histopathology dataset [60], and the Synapse multiorgan
CT dataset. REST consistently outperforms classic convolu-
tional and transformerbased baselines in each domain, achieving
stateoftheart accuracy while robustly handling diverse scales and
complex anatomical patterns. These results underscore REST’s
adaptability across vastly different medical imaging tasks. See
Supplementary Section 4 for details and further analysis.

VI. CONCLUSION

The REST architecture marks a significant step forward in
HSW. By employing the proposed SPIM, REST addresses GPU
memory constraints, enabling precise and efficient whole-scene
segmentation. Its plug-and-play compatibility with various en-
coders and decoders, including foundation models, ensures ver-
satility across diverse segmentation tasks. REST consistently
outperforms traditional cropping and fusion-based methods, es-
tablishing itself as a robust solution for HSW. However, REST’s
reliance on multiple GPUs may restrict its use in resource-
limited settings, and SPIM’s all-to-all communication could
introduce overhead in real-time scenarios. Future research could
focus on optimizing SPIM for reduced communication costs,
like exploring hybrid parallelization. Additionally, integrating
lightweight models could enable deployment on edge devices,
enhancing practical applicability. In general, REST lays a solid
foundation for end-to-end semantic segmentation for WRIs.
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